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This paper presents the investigation of cutting forces (tangential and feed force) by turning of unidi-
rectional glass ﬁber reinforced plastics (UD-GFRP) composite. Composite materials are used in variety of
engineering applications in different ﬁelds such as aerospace, oil, gas and process industries. Process
parameters (tool nose radius, tool rake angle, feed rate, cutting speed, depth of cut and cutting envi-
ronment) are investigated using Taguchi's robust design methodology. Taguchi's L18 orthogonal array is
used to conduct experimentation. The experimentation is carried out with Carbide (K10) Tool, covering a
wide range of machining conditions. Analysis of variance (ANOVA) is performed for signiﬁcant param-
eters and later regression model is developed for the signiﬁcant parameters. The relative signiﬁcance of
various factors has also been evaluated and analyzed using ANOVA. Distance-Based Pareto Genetic Al-
gorithm (DBPGA) approach is used to optimize tangential and feed force. Predicted optimum values for
tangential force and feed force are 39.93 N and 22.56 N respectively. The results of prediction are quite
close with the experimental values.
© 2015 Karabuk University. Production and hosting by Elsevier B.V. This is an open access article under
the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Composite structure materials have successfully substituted the
traditional materials in several high strength, high stiffness, good
dimensional stability and higher fracture toughness applications.
As a result, the use of composites has grown considerably, partic-
ularly in the aerospace, aircraft, automobile, sporting goods,
transportation, power generation and marine industries.
Machining of these materials pose particular problems that are
seldom seenwith metals due to the inhomogeneity, anisotropy and
abrasive characteristics of the composites [1]. Composite materials
may have ceramic, metallic or polymeric matrix. Most engineering
materials can be classiﬁed into one of four basic categories as
metals, ceramics, polymer and composites [2]. Fiber-reinforced
plastics have been widely used in industry due to their excellent
properties such as high speciﬁc modulus, speciﬁc strength and
damping capacity. They are being commonly used in aerospace andar), meenu_1625@ymail.com
ersity.
d hosting by Elsevier B.V. This is aautomotive industry, marine applications, sporting goods and
biomedical components. Most of the ﬁber-reinforced plastics
components are manufactured by molding operation almost to the
ﬁnal size of the desired product. However, postproduction
machining is sometimes needed to remove excess material at the
edge of the component by trimming and to drill holes for dimen-
sional tolerance and assembly requirements, respectively. It has
been reported that the strong anisotropy and inhomogeneity of
ﬁber-reinforced plastics introduces many speciﬁc problems in
machining. Wang and Zhang [3,4] characterized the machining
damage in unidirectional ﬁber-reinforced plastics subjected to
cutting and developed a new mechanics model to predict the cut-
ting forces. Kim and Ehmann [5] demonstrated that the knowledge
of the cutting forces is one of the most fundamental requirements.
This knowledge also gives very important information for cutter
design, machine tool design and detection of tool wear and
breakage. Cutting force analysis plays a vital role in studying the
machining process of ﬁber-reinforced plastics materials [6]. Sree-
jith et al. [7] observed that the cutting force and the cutting tem-
perature affect the performance of the cutting tools while
machining arbon/carbon composites.n open access article under the CC BY-NC-ND license (http://creativecommons.org/
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for the machining of a unidirectional glass ﬁber reinforced plastics
(UD-GFRP) using regression modeling by using polycrystalline
diamond cutting tool (PCD). Three parameters such as cutting
speed, depth of cut and feed rate were selected to minimize the
cutting force. It was found that the depth of cut is the factor, which
has great inﬂuence on radial force, followed by feed rate factor.
Also, authors concluded that, the experimental values agreed with
the predicted results indicating suitability of the multiple regres-
sion models. Gupta and Kumar [9] proposed an approach for
turning of a unidirectional glass ﬁber reinforced plastics (UD-GFRP)
using polycrystalline diamond tool (PCD). Three parameters such as
cutting speed, feed rate and depth of cut were selected. The
simulated annealing, a metaheuristic optimization technique, was
used to optimize the machining parameters involved in the process
of turning for determining the minimum radial cutting force. It was
found that, the depth of cut is the factor, which has great inﬂuence
on radial force, followed by feed rate. Kumar et al. [8,10] investi-
gated the turning process of the unidirectional glass ﬁber rein-
forced plastic (UD-GFRP) composites. Polycrystalline diamond
(PCD) tool was used for turning and the effect of six parameters
such as tool nose radius, tool rake angle, feed rate, cutting speed,
depth of cut and cutting environment (dry, wet and cooled (5e7
temperature)) on the surface roughness produced was studied. It
was found that the feed rate is the factor, which has great inﬂuence
on surface roughness, followed by cutting speed. Kumar et al. [11]
studied the machinability of uni-directional glass ﬁber-reinforced
plastics (UD-GFRP) composite using Carbide (K10) cutting tool.
Taguchi L18 orthogonal array (OA) and utility function was
employed. The effect of six parameters such as tool nose radius, tool
rake angle, feed rate, cutting speed, depth of cut and cutting
environment was considered to minimize surface roughness (Ra)
and maximize the material removal rate (MRR) by analysis of
variance (ANOVA). It was found that, the depth of cut, cutting speed
and feed rate had a signiﬁcant effect on the process parameters for
multiple performances.
Isik et al. [12] proposed an approach for turning of a glass ﬁber
reinforced plastic composites using cemented carbide tool. Three
parameters such as depth of cut, cutting speed and feed rate were
selected to minimize tangential and feed force. Weighting tech-
nique was used for optimization of objective function. The idea of
this technique was to add all the objective functions together using
different coefﬁcients for each. It means that the multi-criteria
optimization problem was changed to a scalar optimization prob-
lem by creating one function. It was found that, technique is more
economical to predict the effect of different inﬂuential combination
of parameters. Mata et al. [13] developed a cutting forces prediction
model for the machining of carbon reinforced PEEK CF30 using
response surface methodology by using TiN-nitride coated cutting
tool. Three parameters such as cutting speed, feed rate and depth of
cut were selected to minimize the cutting forces. Authors
concluded that, the experimental values agreed with the predicted
results indicating suitability of the multiple regression models
(MRM). Suresh et al. [16] developed a surface roughness prediction
model for turning mild steel using a response surface methodology
to produce the factor effects of the individual process parameters.
Dhavamani et al. [17] investigated the performance of the
machining process in terms of ﬂank wear, surface roughness, ma-
terial removal rate and speciﬁc energy during the drilling of
aluminum silicon carbide using genetic algorithm. Tungsten car-
bide drill was used for drilling operation. Three parameters such as
cutting speed, feed rate and diameter of cut were selected. It was
observed that the increase in drill diameter has less effect on spe-
ciﬁc energy and no effect on surface roughness. The genetic algo-
rithm was found to yield much better quality solutions.Bagci and Isik [18] investigated the turning of UD-GFRP mate-
rial. In the study, an artiﬁcial neural network and response surface
model based on experimental measurement data was developed
to estimate surface roughness in orthogonal cutting of GFRP. Singh
and Bhatnagar [19] investigated the inﬂuence of drilling-induced
damage on the residual tensile strength of the unidirectional
glass ﬁber-reinforced plastic composite (UD-GFRP) laminates with
drilled holes for a variety of solid carbide drill point geometries
under varying cutting conditions. Singh and Bhatnagar [20] pre-
sented one such attempt to quantify the drilling-induced damage
and to correlate it with different drill-point geometries and the
drilling process parameters for four-layered UD-GFRP laminates.
Recent studies on unidirectional glass ﬁber composites revealed
the chip formation mechanism in orthogonal cutting. In case of
long oriented glass ﬁber, degradation of the matrix adjacent to the
ﬁber occured ﬁrst, followed by failure of the ﬁber at its rear side
[21]. Rao et al. [22] simulated orthogonal machining of unidirec-
tional carbon ﬁber-reinforced polymer and glass ﬁber-reinforced
polymer composites using ﬁnite element method. The cutting
force was the response studied experimentally as well as numer-
ically for a range of ﬁber orientations, depths of cut and tool rake
angles.
Palanikumar et al. [23] optimized the machining parameters in
turning glass ﬁber reinforced plastics (GFRP) composites using
carbide (K10) tool. Five parameters such as work piece (ﬁber
orientation), cutting speed, feed rate, depth of cut and machining
time were selected to minimize the surface roughness. Taguchi's
technique with fuzzy logic was used. Authors concluded that the
technique is more convenient and economical to predict the
optimal machining parameters. Parveen Raj et al. [24] developed a
surface roughness and delamination mathematical prediction
model for the machining of glass ﬁber reinforced plastics (GFRP)
composite using response surface methodology (RSM) and artiﬁcial
neural network (ANN) by using coated and uncoated K10 cutting
tool. Four parameters such as cutting speed, feed rate, depth of cut
and tool material were selected to minimize the surface roughness
and delamination. It was found that, the developed artiﬁcial neural
network (ANN) model has good interpolation capability and can be
used as an effective model for good surface roughness. Good sur-
face ﬁnish coated tool performed better than uncoated tool. Suresh
et al. [25] developed a surface roughness prediction model for the
machining of AISI 1045 steel using genetic algorithm (GA) by using
TiN- coated carbide four ﬂuted end mill cutter. Four parameters
such as tool geometry (nose radius and radial rake angle) and
cutting condition (cutting speed and feed rate) were selected to
minimize the surface roughness. The predictive capability of the
surface roughness model was improved by incorporating the tool
geometry in the modeling. Suresh et al. [26] investigated the per-
formance of the machining process in terms of surface ﬁnish with
and without the use of cutting ﬂuid during the milling of AISI1045
steel by using genetic algorithm (GA). TiN-coated carbide tool was
used for milling operation. Four parameters such as tool geometry
(nose radius and radial rake angle) and cutting condition (cutting
speed and feed rate) were selected to minimize the surface
roughness. Gopal et al. [27] developed a surface roughness pre-
diction model for the grinding of SiC using a multiple regression
methodology (MRM) to produce the factor effects of the individual
process parameters. The grinding process was also optimized to
obtain a maximum material removal rate with reference to surface
ﬁnish and damage.
In this research paper effort has been made to see the inﬂuence
of tool geometry (tool rake angle and tool nose radius) and cutting
conditions (feed rate, cutting speed, cutting environment) and
depth of cut on tangential force (Ft) and feed force (Ff) produced
during turning condition. In this study, experimental data is
S. Kumar et al. / Engineering Science and Technology, an International Journal 18 (2015) 680e695682collected using properly designed experiments by Taguchi
method. Mathematical modeling is done using only signiﬁcant
parameters. The model is utilized as the objective function for
optimization of process parameters. Distance Based Pareto Ge-
netic Algorithm (DBPGA) is used for optimization. This method-
ology helps to obtain best possible tool geometry and cutting
conditions for turning of UD-GFRP using, Carbide (K10) cutting
tool.2. Methodology
2.1. Design of experiment based on Taguchi method
The experimental design proposed by Taguchi involves using
orthogonal arrays to organize the parameters affecting the pro-
cess and the levels at which they should be varied. The Taguchi
method tests pairs of combinations instead of testing all possible
combinations in a random manner. This allows determining the
major factors affecting the output, with a minimum amount of
experimentation. Analysis of variance on the collected data from
the experiments can be used to select new parameter values to
optimize the performance characteristic [28]. A cause and effect
diagram as shown in Fig. 1 for identifying the potential factors
that may affect the machining characteristics was constructed.
From the available literature on turning, total six numbers of
input parameters were ﬁnally selected. In this work, L18
orthogonal array (OA) with six control factors viz., A, B, C, D, E, F
are studied. Signal to noise ratio was obtained using Minitab 15
software.
Taguchi method uses a statistical measure of performance called
signal-to-noise (S/N) ratio. The signal to noise ratio takes both the
mean and the variability into account. The S/N ratio is the ratio of
the mean (Signal) to the standard deviation (Noise). The ratio de-
pends on the quality characteristics of the product/process to be
optimized. The standard S/N ratios generally used are as follows:
Nominal-is-Best (NB), lower-the-better (LB) and Higher-the-Better
(HB). The optimal setting is the parameter combination, which has
the highest signal-to-noise (S/N) ratio.
In this study, tangential force and feed force is taken “lower-the-
better (LB)” type. The corresponding loss function is expressed as
follows [29].Fig. 1. Ishikawa causeeeffect diaSmaller the better:
S=N ¼ 10 log 1
n
X
y2 (1)
“where n is the number of observations at each trial, y is the
observed data”.
Variation due to error (SSe) is given by
SSe ¼ SST 
Xfactors
i¼1
SSi (2)
where
ssT ¼ T2 
T2
N
(3)
T is sum of all observations.
For example for factor A, Sum of squares due to parameter A
(SSA) is given by
ssA ¼
"XkA
I¼1
A2i
nAi
#
 T
2
N
(4)
where kA are the number of levels for factor A and nAi are the ob-
servations under level Ai condition. Similarly the sum of squares of
other parameters are calculated.
The degree of freedom for the error (ve) is:
ve ¼ vT 
Xfactors
i¼1
vi (5)
where vT is the total degree of freedom.
The percent contribution is the portion of the total variation
observed in an experiment attributed to each signiﬁcant factor
which is reﬂected. The percent contribution is a function of the
sums of squares for each signiﬁcant item. It indicates the relative
power of a factor to reduce the variation. If the factor levels are
controlled precisely, then the total variation can be reduced by the
amount indicated by the percent contribution. The variation due to
a factor contains some amount due to error; For example for factorgram of a turning process.
S. Kumar et al. / Engineering Science and Technology, an International Journal 18 (2015) 680e695 683A Variance, F-ratio and percentage contribution are given by
Equations (6)e(8) respectively.
VA ¼
SSA
vA
(6)
FA ¼
VA
Verror
(7)
pðpercentage ContributionÞ ¼ SSA  ðVe*VAÞ (8)
Similarly, other ratios can be found out.
2.2. Multiple Regression Analysis (MRA)
In statistics, regression analysis includes many techniques for
modeling and analyzing several variables, when the focus is on the
relationship between a dependent variable and one or more in-
dependent variables. More speciﬁcally, regression analysis helps us
to understand how the typical value of the dependent variable
changes when any one of the independent variables is varied, while
the other independent variables are held ﬁxed. Regression analysis
is also used to understand the independent variables relation to the
dependent variable and to explore the forms of these relationships.
The experimental results can be used for modeling using
regression methodology. The purpose of developing mathematical
model was to relate themachining responses to the parameters and
thereby to facilitate the optimization of the machining process.
Therefore, the test for the signiﬁcance of the regression can be
applied to determine if the relationship between the dependent
variable y and independent variables x1, x2,… ,xq, exists. The proper
hypothesis is:
H0: ß1 ¼ ß2 ¼… ¼ ßq ¼ 0 vs
H1: ßj s 0 for at least one j.
The statistic F is compared to the critical Fa, q, N-q-1, if observed F-
value is greater than the critical F, then H0 will be rejected. Equiv-
alently, H0 is rejected when P-value for the statistic F is less than
signiﬁcant level a. How well the estimated model ﬁts the data can
be measured by the value of R2. The R2 lies in the interval [0, 1].
When R2 is closer to 1, the better the estimation of regression
equation ﬁts the sample data. In general, the R2 measures per-
centage of the variation of y around y that is explained by the
regression equation. However, adding a variable to the model al-
ways increases R2, regardless of whether or not that variable is
statistically signiﬁcant. Thus, some experimenter rather uses
adjusted R2. When variables are added to the model, adjusted R2
will not necessarily increase. In actual fact, if unnecessary variables
are added, the value of adjusted R2 will often decrease.
2.3. Distance Based Pareto Genetic Algorithm (DBPGA)
The Genetic Algorithm (GA) is an evolutionary algorithm. It is
based on the mechanics of natural selection and it combines the
characteristics of direct search and probabilistic selection methods.
It is a very simple yet powerful tool for obtaining global optimum
values for multi-model and combinatorial problems [14]. The GA
works with a population of feasible solutions and therefore, it can
be used in multi-objective optimization problems to simulta-
neously capture a number of solutions [15].
Osyezka and Kundu, (1995) [30] algorithm maintains two pop-
ulations, one standard genetic algorithm (GA) Population Pt where
genetic operation are performed and another elite population Etcontaining all non-dominated solutions found thus far. Initially a
random population p0 of size N is created. The ﬁrst population
member is assigned a positive random ﬁtness Fi and is automati-
cally added to the elite size set E0. Thereafter, each solution is
assigned a ﬁtness based on its distance in the elite set, Et ¼ {e(k):
k ¼ 1, 2,…,K}, where K is the number of solution in the elite set.
Each elite solution e(k) has M function values, or
e(k) ¼ (e1(k),e2(k),…,eM(k)) T. The distance of a solution x from the elite
set is calculated as shown in Equation (9).
dðkÞðxÞ ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃXM
m¼1
 
eðkÞm  fmðxÞ
eðkÞm
!2vuut (9)
For the solution x, the minimum d(k)(x) of all k ¼ 1, 2,…, K is
found and the index k for the minimum distance is also recorded.
Thereafter, if the solution x is a non e dominated solution with
respect to the existing elite set, it is accepted in the elite set and its
ﬁtness is calculated as shown in Equation 10
F(x) ¼ F (e(k*)) þ dmin (10)
The elite set is updated by deleting all elite solutions dominated
by x, if any. On the other hand, if the solution x is dominated by any
elite solution, it is not accepted in the elite set and its ﬁtness is
calculated by Equation (11).
F(x) ¼ max [0, F (e(k*))  dmin] (11)
In this way, as population members are evaluated for their
ﬁtness, the elite set is constantly updated. At the end of the gen-
eration (when all N population members are evaluated), the
maximum ﬁtness Fmax among the existing elite solutions is calcu-
lated and existing elite solutions are assigned a ﬁtness equal to Fmax.
At the end of the generation, selection, crossover and mutation
operators are used to create a new population. In the Distance
Based Pareto GA (DBPGA) for some sequence of ﬁtness evaluations,
both goals of progressing towards the Pareto-optimal front and
maintaining diversity among solutions are achieved without any
explicit niching method. Fig. 2 shows the step by step procedure
involved in implementing the Distance Based Pareto Genetic Al-
gorithm (DBPGA).3. Experimentation
Experiments are performed on turning machine to study the
cutting forces (tangential and feed force) affected by machining
process variables at different setting of tool nose radius, tool rake
angle, feed rate, cutting speed, depth of cut along with cutting
environment (dry wet and cooled). Cutting ﬂuids are various ﬂuids
that are used in machining to cool and lubricate the cutting tool.
There are various kinds of cutting ﬂuids which include oils, oils-
water emulsions, pastes, gels and mists. They may be made from
petroleum distillates, animal fats, plant oils or other raw in-
gredients. Depending on the context in which cutting ﬂuid is being
considered, it may be referred to as cutting ﬂuid, cutting oil, cutting
compound, coolant or lubricant. Additionally, proper application of
cutting ﬂuid as studied by (Kalpakjian and Schmid, 2001 [31]& (EI-
Baradie, 1996 [32] can increase productivity and reduce cost by
allowing one to choose higher cutting speed, higher feed rate and
greater depth of cut. Effective application of cutting ﬂuid can also
increase tool life, decrease surface roughness, increase dimensional
accuracy and decrease the amount of power consumed. Water-
soluble (water-miscible) cutting ﬂuids are primarily used for high
speed machining operations because they have better cooling
Fig. 2. Flow chart for the DBPGA.
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machined parts to minimize thermal distortion. Water-soluble
cutting ﬂuids are mixed with water at different ratios depending
on themachining operation. Cutting ﬂuids is supplied to the cutting
ﬂuid unit with the help of electric motor. The storage capacity of the
ﬂuid tank is 30 L. The cutting ﬂuid is supplied at constant rate.
Castrol water miscible soluble coolant and ﬂow rate is 2 lit/minwas
used. Cutting environments: Wet (33e38 temperature) and
Cooled (5e7 temperature) are used.The experimental design based on Taguchi L18 orthogonal
method is used. The Taguchi's mixed level design is selected as it is
decided to keep two levels of tool nose radius. The rest ﬁve pa-
rameters are studied at three levels shown in Table 1. Two level
parameter has 1 degrees of freedom (DOF) and the remaining ﬁve
three level parameters have 10 degrees of freedom (DOF). i.e., the
total DOF required is 11 [¼ (1 * 1 þ (5 * 2)]. The most appropriate
orthogonal array (OA) in this case is L18 (21 * 37) orthogonal array
(OA) with 17 [¼18e1] DOF. Table 2 shows the L18 orthogonal array
(OA) employed for the experimentation. UD-GFRP rods made of
Table 1
Process parameters with different operating levels.
Input parameters Levels
Level 1 Level 2 Level 3
Tool nose Radius/(A) 0.4 0.8 NIL
Tool Rake angle/(B) 6 0 þ6
Feed rate/(C) 0.05 0.1 0.2
Cutting speed/(D) (55.42) 420 (110.84) 840 (159.66) 1210
Cutting environment (E) Dry (1) Wet (2) Cooled (3)
Depth of cut/(F) 0.2 0.8 1.4
Table 2
Orthogonal array L18 of taguchi along with assigned value.
Expt. No. Tool nose
Radius/mm (A)
Tool Rake Angle/
Degree (B)
Feed Rate/
mm/rev (C)
Cutting Speed/m/
min & rpm (D)
Cutting Environment (E) Depth of Cut/mm (F)
1 0.4 6 0.05 (55.42) 420 Dry (1) 0.2
2 0.4 6 0.1 (110.84) 840 Wet (2) 0.8
3 0.4 6 0.2 (159.66) 1210 Cooled (3) 1.4
4 0.4 0 0.05 (55.42) 420 Wet (2) 0.8
5 0.4 0 0.1 (110.84) 840 Cooled (3) 1.4
6 0.4 0 0.2 (159.66) 1210 Dry (1) 0.2
7 0.4 þ6 0.05 (110.84) 840 Dry (1) 1.4
8 0.4 þ6 0.1 (159.66) 1210 Wet (2) 0.2
9 0.4 þ6 0.2 (55.42) 420 Cooled (3) 0.8
10 0.8 6 0.05 (159.66) 1210 Cooled (3) 0.8
11 0.8 6 0.1 (55.42) 420 Dry (1) 1.4
12 0.8 6 0.2 (110.84) 840 Wet (2) 0.2
13 0.8 0 0.05 (110.84) 840 Cooled (3) 0.2
14 0.8 0 0.1 (159.66) 1210 Dry (1) 0.8
15 0.8 0 0.2 (55.42) 420 Wet (2) 1.4
16 0.8 þ6 0.05 (159.66) 1210 Wet (2) 1.4
17 0.8 þ6 0.1 (55.42) 420 Cooled (3) 0.2
18 0.8 þ6 0.2 (110.84) 840 Dry (1) 0.8
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weight 75 ± 5%) is used as shown in Fig. 3. The rods are manufac-
tured by a method in which ﬁbers (the glass material) are pulled
from spools through a device that coats themwith a resin. They are
then typically heat treated and cut to length. This method is called
Pultrusion that describes the method of moving the ﬁbers through
the machinery. Pultrusion can be made in a variety of shapes or
cross-sections such as a W or S cross-section. This method is
opposed to an extrusion which would push the material through
dies. The speciﬁcation of UD-GFRP rods are shown in Table 3. A
NH22elathe machine of 11 kW spindle power with maximum
speed of 3000 rpm Make HMT (Pinjor), as shown in Fig. 4 installed
at workshop Laboratory of Mechanical Engineering Department,Fig. 3. UD-GFRP compoN.I.T., Kurukshetra, Haryana, India is used. Carbide tool inserts (K10
grade) were used for machining. The two components of the cut-
ting forces shown in Table 4 for different cutting conditions are
measured using a high precision, three point lathe tool type
dynamometer shown in Fig. 4. A tool holder SVJCR steel EN47 used
during the turning operation is shown in Fig. 5. The cutting tool
insert with various rake angle (6, 0, þ6) and tool nose radius
(0.4 mm & 0.8 mm) are used as shown in Fig. 6(a) & (b). The uni-
directional glass ﬁber reinforced plastics (UD-GFRP) composite rods
after machining are shown in Fig. 7. Each experiment is replicated
three times.4. Results and discussion
4.1. Effect on tangential force
The tangential force (Ft) acts in a direction tangent to the
revolving workpiece and is sometimes referred as turning force.
The effect of different process parameters on tangential force (Ft) is
calculated and plotted as the process parameters change from one
level to another. The average value of signal to noise (S/N) ratio is
also calculated to ﬁnd out the effects of different parameters. These
values of signal to noise (S/N) ratio and mean is then further
analyzed to detect the most responsible factor and the percentage
contribution of each factor. From Table 4 it has been found that thesite rod specimen.
Table 3
Properties of UDeGFRP.
Sr. No. Particular Value Unit
1 Glass content (by weight) 75 ± 5 %
2 Epoxy resin content (by weight) 25 ± 5 %
3 Reinforcement, unidirectional ‘E’ Glass Roving e
4 Water absorption 0.07 %
5 Density 1.95e2.1 gm/cc
6 Tensile strength 650 N/mm2
7 Compression strength 600 N/mm2
8 Shear strength 255 N/mm2
9 Modulus of elasticity 320 N/mm2
10 Thermal Conductivity 0.30 Kcal/Mhc
11 Weight of rod 840 mm in length 2.30 Kgs
12 Electrical strength (Radial): 3.5 KV/mm
13 Working temperature class: Class ‘F’ (155) Centigrade
14 Martens Heat Distortion
Temperature
210 Centigrade
15 Test in oil: (1) At 20 C: 20 KV/cm
(2) At 100 C: 20 KV/cm (50 KV/
25 mm)
KV/cm
Fig. 4. Experime
Table 4
Test data summary for tangential and feed force.
Expt. No. Tangential Force (Ft) Average Ft (N) S/N ratio (d
R1 R2 R3
1 32.373 35.316 38.259 35.316 30.9795
2 73.575 80.638 77.499 76.616 37.7626
3 92.214 94.176 97.119 94.470 39.5109
4 48.069 60.822 49.05 52.679 34.4798
5 85.347 87.799 98.1 90.448 39.1410
6 42.183 44.145 49.05 45.126 33.1063
7 61.018 78.48 73.575 71.024 37.0744
8 51.208 49.05 50.031 50.129 33.9975
9 77.499 81.030 82.796 80.442 38.1129
10 93.685 89.271 98.1 93.685 39.4399
11 120.663 121.64 113.79 118.701 41.4926
12 46.107 53.268 44.145 47.872 33.6249
13 50.031 46.891 51.012 49.344 33.8644
14 97.413 82.502 96.138 92.017 39.3007
15 132.435 140.57 135.27 136.064 42.6793
16 80.442 84.366 92.214 85.641 38.6711
17 41.202 45.126 44.145 43.458 32.7744
18 99.081 112.81 114.77 108.891 40.7573
Total Overall Mean ¼ 76.217
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tool nose radius (0.4 mm), tool rake angle (6), feed rate
(0.05 mm/rev), cutting speed (55.42 m/min), depth of cut (0.2 mm)
and dry cutting environment. The lowest level of tool nose radius,
tool rake angle, feed rate, cutting speed, depth of cut and dry cut-
ting environment resulted in least tangential force (Ft). The highest
tangential force (Ft) of 136.064 N is obtained with trial 15, at the
largest tool nose radius (0.8 mm), moderate tool rake angle (0),
largest feed rate (0.2 mm/rev.), lowest cutting speed (55.42 m/
min.), the largest depth of cut (1.4 mm) and wet cutting
environment.
Analysis of the inﬂuence of machining parameters on tangential
force (Ft) is performed using response table, which indicates the
response at each level of control factors. The raw data for average
value of tangential force (Ft) and signal to noise (S/N) ratio for each
parameter considered is tool nose radius at two levels (Level 1 and
Level 2) and other parameters at three levels (Level 1, 2 and 3) as
given in Tables 5 and 6 respectively. Table 5 shows that depth of cutntal set up.
B) Feed Force (Ff) Average Ff (N) S/N ratio (dB)
R1 R2 R3
23.544 21.582 19.62 21.582 26.7057
61.803 62.685 63.765 62.784 35.9531
83.385 87.309 86.328 85.641 38.6586
42.183 44.243 43.360 43.262 32.7238
67.689 66.806 68.67 67.689 36.6151
33.354 32.471 34.335 33.354 30.4737
50.031 51.993 53.955 51.993 34.3230
33.648 37.768 35.512 35.610 31.0491
64.746 64.746 66.708 65.432 36.3124
76.518 77.695 78.48 77.597 37.7937
91.233 87.309 90.252 89.565 39.0475
37.474 38.259 40.221 38.651 31.7472
44.145 42.183 41.202 42.477 32.5734
76.812 75.831 76.223 76.321 37.6493
103.00 103.00 104.084 103.397 40.2873
85.347 88.29 87.309 87.014 38.7894
32.373 34.335 33.354 33.354 30.4655
83.875 84.856 84.856 84.562 38.5402
Overall Mean ¼ 61.126
Fig. 5. Tool holder used in the experiment.
Fig. 6. (a): Carbide (K10) cutting tool inserts used in the experiment. (b): Carbide (K10) cutting tool inserts used in the experiment.
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tangential force (Ft) followed by feed rate (D ¼ maxmin ¼ 20.87)
and tool nose radius (D ¼ maxmin ¼ 19.88). Also, signal to noise
(S/N) ratio is utilized to measure the deviation of qualitycharacteristic from the target. The response table for average signal
to noise (S/N) ratio shown in Table 6 conﬁrms the results obtained
from the response table for raw data. The response graphs for
tangential force (Raw data & S/N ratio) are presented in Fig. 8(aef).
Fig. 7. UD-GFRP composite rod specimen after machining.
Table 5
Average values of tangential force for each control factor level.
Tool nose radius (A) Tool rake angle (B) Feed rate (C) Cutting speed (D) Cutting environment (E) Depth of cut (F)
Level 1 66.31 77.88 64.61 77.78 78.51 45.20
Level 2 86.19 77.60 78.66 74.12 74.93 84.15
Level 3 e 73.27 85.48 76.85 75.31 99.40
Delta 19.88 4.61 20.87 3.66 3.58 54.20
Rank 3 4 2 5 6 1
Table 6
Average values of s/n ratios (tangential force) for each control factor level.
Tool nose radius (A) Tool rake angle (B) Feed rate (C) Cutting speed (D) Cutting environment (E) Depth of cut (F)
Level 1 36.02 37.14 35.75 36.75 37.12 33.06
Level 2 38.07 37.10 37.41 37.04 36.87 38.31
Level 3 e 36.90 37.97 37.34 37.14 39.76
Delta 2.05 0.24 2.21 0.58 0.27 6.70
Rank 3 6 2 4 5 1
S. Kumar et al. / Engineering Science and Technology, an International Journal 18 (2015) 680e695688It is evident from the Fig. 8(aef) that the tangential force (Ft) is
minimum at 1st level of tool nose radius (A1), 3rd level of tool rake
angles (B3), 1st level of feed rate (C1), 2nd level of cutting speed
(D2), 2nd level of wet cutting environment (E2) and 1st level of
depth of cut (F1). The results indicate that the tangential force (Ft)
decreases with decrease in tool nose radius, feed rate, depth of cut
and decreases with increase in cutting speed and decreases with a
shift to wet and cool cutting environment. The results indicate that
the tangential force increases as the tool rake changes to ve. To
determine which factors signiﬁcantly affect the tangential force
(Ft), analysis of variance (ANOVA) is performed as shown in Table 7.
For analyzing the signiﬁcant effect of the parameters on the quality
characteristics, F and P test are used. The percent contribution of
parameters shown in Table 7 reveals that the inﬂuence of depth of
cut in affecting tangential force (Ft) is signiﬁcantly large followed by
that of tool nose radius, feed rate and tool rake angle. The cutting
environment and cutting speed has little inﬂuence on tangential
force (Ft). Analysis of variance (ANOVA) in Table 7 shows that the
effects of tool nose radius, feed rate and depth of cut on the
tangential force (Ft) are 11.98%, 8.79% and 64.13% respectively.
Analysis of variance (ANOVA) in Table 8 shows that the effect of are
tool nose radius and depth of cut on the tangential force (Ft) are
8.34% and 72.68% respectively.4.2. Effect on feed force
The feed force (Ff) acts in a direction parallel to the axis of work
and is also referred to as longitudinal force. The effect of different
process parameters on feed force is calculated and plotted as the
process parameters change from one level to another. The average
value of signal to noise (S/N) ratios is also calculated to ﬁnd out the
effect of different parameters. From Table 4 it has been found that
minimum feed force (Ff) of 21.582 N is achieved in trial 1 at tool
nose radius (0.4 mm), tool rake angle (6), feed rate (0.05 mm/
rev), cutting speed (55.42 m/min), depth of cut (0.2 mm) and dry
cutting environment. The lowest level of tool nose radius, tool rake
angle, feed rate, cutting speed, depth of cut and dry cutting envi-
ronment resulted in least feed force (Ff). The highest feed force (Ff)
of 103.397 N is obtained with trial 15, at the largest tool nose radius
(0.8 mm), moderate tool rake angle (0), largest feed rate (0.2 mm/
rev.), lowest cutting speed (55.42 m/min.), largest depth of cut
(1.4 mm) and the wet cutting environment. Analysis of the inﬂu-
ence of machining parameters on feed force (Ff) is performed using
response table, which indicates the response at each level of control
factors. The raw data for average value of feed force (Ff) and signal
to noise (S/N) ratio for each parameter is considered i.e. tool nose
radius at two levels (Level 1 and Level 2) and other parameters at
Fig. 8. Average values of response and s/n ratio of tangential force (a) effect of tool nose radius, (b) effect of tool rake angle, (c) effect of feed rate, (d) effect of cutting speed, (e) effect
of cutting environment (f) effect of depth of cut.
Table 7
ANOVA results for tangential force (raw data).
Source SS DOF V F ratio Prob. SS/ P (%)
Tool nose radius (A) 5333.5 1 5333.5 41.40* 0.000 5204.7 11.98
Tool rake angle (B) 240.6 2 120.3 Pooled 0.401 e e
Feed rate (C) 4077.4 2 2038.7 15.83* 0.000 3819.8 8.79
Cutting speed (D) 130.4 2 65.2 Pooled 0.606 e e
Cutting Environment (E) 139.3 2 69.7 Pooled 0.586 e e
Depth of cut (F) 28,129.0 2 14,064.5 109.18* 0.000 27,871.4 64.13
T 43,460.5 53 43,460.5 100.00
e (pooled) 5410.2 42 128.8 6827 15.71
SS¼ sum of squares, DOF¼ degrees of freedom, variance (V)¼ (SS/DOF), T¼ total, SS/¼ pure sum of squares, P¼ percent contribution, e¼ error, Fratio¼ (V/error), Tabulated F-
ratio at 95% conﬁdence level F0.05; 1; 42 ¼ 4.08, F0.05; 2; 42 ¼ 3.23, * Signiﬁcant at 95% conﬁdence level.
Table 8
ANOVA results for tangential force (S/N Ratios).
Source SS DOF V F ratio Prob. SS/ P (%)
Tool nose radius (A) 18.890 1 18.890 8.35* 0.028 16.628 8.34
Tool rake angle (B) 0.193 2 0.097 Pooled 0.958 e e
Feed rate (C) 15.925 2 7.963 Pooled 0.097 e e
Cutting speed (D) 1.026 2 0.513 Pooled 0.804 e e
Cutting Environment (E) 0.273 2 0.136 Pooled 0.942 e e
Depth of cut (F) 149.248 2 74.624 32.99* 0.001 144.724 72.68
T 199.129 17 199.129 100.00
e (pooled) 13.574 6 2.262 38.456 19.31
SS ¼ sum of squares, DOF ¼ degrees of freedom, variance (V) ¼ (SS/DOF), T ¼ total, SS/ ¼ pure sum of squares, P ¼ percent contribution, e ¼ error, Fratio ¼ (V/error), Tabulated
F-ratio at 95% conﬁdence level F0.05; 1; 6 ¼ 5.99, F0.05; 2; 6 ¼ 5.14, * Signiﬁcant at 95% conﬁdence level.
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Table 9
Average values of feed force for each control factor level.
Tool nose radius (A) Tool rake angle (B) Feed rate (C) Cutting speed (D) Cutting environment (E) Depth of cut (F)
Level 1 51.93 62.64 53.98 59.43 59.56 34.19
Level 2 70.32 61.09 60.89 58.03 61.78 68.30
Level 3 e 59.65 68.50 14.52 65.92 62.04 80.89
Delta 18.38 2.99 3 7.90 2.47 46.70
Rank 2 5 4 6 1
Table 10
Average values of S/N ratios (feed force) for each control factor level.
Tool nose radius (A) Tool rake angle (B) Feed rate (C) Cutting speed (D) Cutting environment (E) Depth of cut (F)
Level 1 33.65 34.98 33.82 34.26 34.46 30.50
Level 2 36.32 35.05 35.13 34.96 35.09 36.50
Level 3 e 34.91 36.00 35.74 35.40 37.95
Delta 2.68 0.14 2.19 1.48 0.95 7.45
Rank 2 6 3 4 5 1
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tively. Table 9 shows that depth of cut contributes the highest effect
(D ¼ maxmin ¼ 46.70) on the feed force followed by tool nose
radius (D ¼ maxmin ¼ 18.38), feed rate (D ¼ maxmin ¼ 14.52)
and cutting speed (D ¼maxmin ¼ 7.90). Also, S/N ratio is utilizedFig. 9. Average values of response and s/n ratio of feed force (a) effect of tool nose radius, (b
cutting environment and (f) effect of depth of cut.to measure the deviation of quality characteristic from the target.
The response table for average signal to noise (S/N) ratio shown in
Table 10 conﬁrms the results obtained from the response table for
raw data. The response graph for the average response data of feed
force (Raw data and S/N ratio) are plotted in Fig. 9(aef). It is evident) effect of tool rake angle, (c) effect of feed rate, (d) effect of cutting speed, (e) Effect of
Table 11
ANOVA results for feed force (raw data).
Source SS DOF V F ratio Prob. SS/ P (%)
Tool nose radius (A) 4560.9 1 4560.9 108.61* 0.000 4518.9 15.05
Tool rake angle (B) 80.3 2 40.2 Pooled 0.393 e e
Feed rate (C) 1898.5 2 949.2 22.60* 0.000 1814.5 6.04
Cutting speed (D) 639.2 2 319.6 7.61* 0.002 555.2 1.85
Cutting Environment (E) 66.5 2 33.3 Pooled 0.460 – e
Depth of cut (F) 21,018.1 2 10,509.0 250.25* 0.000 20,934.1 69.72
T 30,027.3 53 30,027.3 100.00
e (pooled) 1763.8 42 42.0 2225.8 7.41
SS ¼ sum of squares, DOF ¼ degrees of freedom, variance (V) ¼ (SS/DOF), T ¼ total, SS/ ¼ pure sum of squares, P ¼ percent contribution, e ¼ error, Fratio ¼ (V/error), Tabulated
F-ratio at 95% conﬁdence level F0.05; 1; 42 ¼ 4.08, F0.05; 2; 42 ¼ 3.23, * Signiﬁcant at 95% conﬁdence level.
Table 12
ANOVA results for feed force (S/N ratios).
Source SS DOF V F ratio Prob. SS/ P (%)
Tool nose radius (A) 32.211 1 32.211 21.54* 0.004 30.715 12.18
Tool rake angle (B) 0.059 2 0.030 Pooled 0.980 e e
Feed rate (C) 14.516 2 7.258 Pooled 0.056 e e
Cutting speed (D) 6.565 2 3.282 Pooled 0.193 e e
Cutting Environment (E) 2.793 2 1.396 Pooled 0.444 e e
Depth of cut (F) 187.121 2 93.560 62.56* 0.000 184.129 72.99
T 252.238 17 252.238 100.00
e (pooled) 8.974 6 1.496 25.43 10.08
SS ¼ sum of squares, DOF ¼ degrees of freedom, variance (V) ¼ (SS/DOF), T ¼ total, SS/ ¼ pure sum of squares, P ¼ percent contribution, e ¼ error, Fratio ¼ (V/error), Tabulated
F-ratio at 95% conﬁdence level F0.05; 1; 6 ¼ 5.99, F0.05; 2; 6 ¼ 5.14, * Signiﬁcant at 95% conﬁdence level.
Table 13
ANOVA for second-order model of tangential force.
Source DF SS MS F P
Regression 8 4.6999 0.5874 246.62 0.000
Residual Error 9 0.2103 0.0233
Total 17 4.9099
Table 14
ANOVA for second-order model of feed force.
Source DF SS MS F P
Regression 13 6.1892 0.47600.0006 668.35 0.000
Residual error 4 0.0279
Total 17 6.2171
Table 15
Comparison between experimental and predicted values of tangential and feed force.
Expt. No. Tangential force
Prediction value Experimental value % Err
1 38.160 35.316 7.4
2 74.948 76.616 3.0
3 100.160 94.470 5.6
4 58.663 52.679 10.2
5 85.837 90.448 5.3
6 45.322 45.126 0.4
7 64.647 71.024 9.8
8 44.439 50.129 12.8
9 84.071 80.442 4.3
10 81.619 93.685 14.7
11 119.583 118.701 0.7
12 47.284 47.872 1.2
13 45.322 49.344 8.8
14 97.903 92.017 6.0
15 131.159 136.064 3.7
16 96.039 85.641 10.8
17 49.344 43.458 11.9
18 102.906 108.891 5.8
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nose radius (A1), 3rd level of tool rake angles (B3), 1st level of feed
rate (C1), 2nd level of cutting speed (D2), 1st level of dry cutting
environment, (E1) and 1st level of depth of cut (F1). From Fig. 9(a, c,
f, & e) it can be observed that the feed force (Ff) in the workpiece
decreases with decrease in tool nose radius, feed rate, depth of cut
and decreases with a change to dry cutting environment. Fig. 9(d)
shows increase in the feed force (Ff) with increase in cutting speed.
The results indicate that the feed force (Ff) increases with decrease
in tool rake angle as shown in Fig. 9(b).
To determine which factors signiﬁcantly affect the feed force
(Ff), analysis of variance (ANOVA) is performed as shown in
Tables 11 and 12 respectively. For analyzing the signiﬁcant effect of
the parameters on the quality characteristics, F and P test are used.
This analysis is carried out for a level of signiﬁcance of 5%, i.e. for aFeed force
or Prediction value Experimental value % Error
6 21.680 21.582 0.45
5 60.037 62.784 4.57
8 83.286 85.641 2.83
0 41.692 43.262 3.76
7 68.179 67.689 0.72
3 34.629 33.354 3.68
6 54.151 51.993 3.99
0 34.040 35.610 4.71
2 65.628 65.432 0.30
8 77.597 77.597 0.00
4 88.878 89.565 0.77
4 37.278 38.651 3.68
7 42.477 42.477 0.00
1 80.245 76.321 4.89
4 103.201 103.397 0.19
2 82.502 87.014 5.47
2 33.255 33.354 0.29
2 84.267 84.562 0.35
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percentage contribution (P) of factor to the total variation indi-
cating, the degree of inﬂuence on the result. From the analysis of
Table 11, it is apparent that the tool nose radius (P ¼ 15.05%), feed
rate (P ¼ 6.04%), cutting speed (P ¼ 1.85%) and depth of cut
(P ¼ 69.72%), have signiﬁcant effect on the feed force in the
workpiece. The depth of cut has highest effect. The error associated
with the table analysis of variance (ANOVA) for the Ff is approxi-
mately 7.41%. From the analysis of Table 12, it is apparent that the
tool nose radius (P ¼ 12.18%) and depth of cut (P ¼ 72.99%), have
signiﬁcant effect on the feed force in the workpiece. The depth of
cut has highest effect. The error associatedwith the table analysis of
variance (ANOVA) for the Ff is approximately 10.08%.4.3. Predicted mathematical models using multiple regression
analysis
In the present investigation, the machinability aspects are
evaluated in terms of tangential force (Ft) and feed force (Ff) during
the turning of UD-GFRP composites using carbide (K10) cutting
tool. To develop mathematical models using multiple regression
analysis Minitab software is used. The regression model based on
second order model is used. The ﬁnal developed models in terms of
signiﬁcant factors are shown as:
Y^ (Ft) ¼ 9.123 þ 1.138 x1 þ (4.453) x2 þ 6.209 x3 þ (3.012) x1
x2 þ 3.777 x1 x3 þ 2.237 x2 x3 þ (3.012) x22 þ (1.540) x32 (12)
where x1, x2, x3 are log of tool nose radius, feed rate and depth of cut
respectively.
Y^ (Ff) ¼ 6.769 þ 3.983 x1 þ 4.944 x2 þ 5.494 x3 þ 10.791
x4 þ (5.591) x1 x2 þ (2.698) x1 x3 þ 0.5880 x1 x4 þ (2.511) x2
x3 þ 2.854 x2 x4 þ (2.609) x3 x4 þ (0.353) x22 þ (1.971)
x3
2 þ (2.913) x42 (13)
where, x1, x2, x3, x4 are log of tool nose radius, feed rate, cutting
speed and depth of cut respectively.where, x12 in Ft& Ff equation are
highly correlated. So these have been removed from the corre-
sponding Equations.Table 16
Statistics for test of goodness of ﬁt tangential and feed force.
Expt.
No.
Tangential Force
Observed value (Oi) Expected value (Ei) (Oi e Ei)2/Ei
1 35.316 38.160 0.2118
2 76.616 74.948 0.0676
3 94.470 100.160 0.3227
4 52.679 58.663 0.6101
5 90.448 85.837 0.2472
6 45.126 45.322 0.0000
7 71.024 64.647 0.6288
8 50.129 44.439 0.7288
9 80.442 84.071 0.1569
10 93.685 81.619 1.7834
11 118.701 119.583 0.0006
12 47.872 47.284 0.0006
13 49.344 45.322 0.3570
14 92.017 97.903 0.3541
15 136.064 131.159 0.1834
16 85.641 96.039 1.1261
17 43.458 49.344 0.7023
18 108.891 102.906 0.3482
Average value of c2 c2 ¼ 0.4349
*Test level of signiﬁcance: a ¼ 95%.The multiple regression coefﬁcients R2 value for the developed
models for tangential force and feed force using regression
modeling are highly adequate as their ordinary and adjusted R2
values are (tangential force, 95.7%, 91.9%) and (feed force, 99.6%,
98.1%) very close to 1. On the basis of the multiple-regression co-
efﬁcients (R2), it can be concluded that the second-order model is
adequate in representing this process. The data of the analysis of
variance (ANOVA) for regression analysis are shown in Tables 13
and 14. Both the tables show the P value as 0.000 < 0.05 indi-
cating that at least one of the terms in the model have a signiﬁcant
effect on the mean response of tangential force and feed force. It
has been seen that relative error of tangential force and feed force
are well within limits. Thus, it can be stated that empirical equa-
tion build by using second-order model can be used. Relative error
between predicted and measured observed values for tangential
force and feed force is calculated and presented in Table 15. In the
Table 15 the experimental values and predicted values of
tangential and feed force and model are given. On the basis of
results, it can be seen that the maximum and minimum error
percentage for tangential and feed force is (11.86% and 14.78%) &
(4.93% and 5.43%). It has been seen that relative error of
tangential force and feed force are well within limits. Thus, it can
be stated that empirical equation built by using second-order
model can be used.
To test whether the discrepancies between the observed and
expected frequencies can be attributed to chance, we use the sta-
tistic for test of goodness of ﬁt tangential and feed force can be
calculated using the Equation (14).
c2 ¼
XN
i¼1
ðOi  EiÞ2
EI
(14)
where N is the number of trials. If c2 > 8.672 (tabulated value) then
null hypothesis is rejected.
Table 16 shows that c2 ¼ 0.4349 and 0.0527 and for tangential
and feed force respectively for 17 degrees of freedomwhere degree
of freedom is given by: (rows-1) x (col-1) ¼ (18e1)  (2e1) ¼ 17.
Therefore the analysis of data suggests that perception is correct
with 95% conﬁdence level.Feed Force
Observed value (Oi) Expected value (Ei) (Oi e Ei)2/Ei
21.582 21.680 0.0000
62.784 60.037 0.1255
85.641 83.286 0.0667
43.262 41.692 0.0588
67.689 68.179 0.0003
33.354 34.629 0.0470
51.993 54.151 0.0863
35.610 34.040 0.0725
65.432 65.628 0.0000
77.597 77.597 0.0000
89.565 88.878 0.0004
38.651 37.278 0.0510
42.477 42.477 0.0000
76.321 80.245 0.1922
103.397 103.201 0.0000
87.014 82.502 0.2472
33.354 33.255 0.0000
84.562 84.267 0.0008
c2 ¼ 0.0527
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probability plot of residuals for tangential force data (b) Plot of
residuals vs. ﬁtted values for tangential force (c) Plot of residuals vs.
the Frequency histogram and (d) Residuals vs. the order of the data
are shown in Figs. 10 and 11 respectively. It can be seen in Figs. 10
and 11(a) that all the points on the normal plot lie close to the
straight line (mean line). This implies that the data are fairly normal
and a little deviation from the normality is observed. It is noticed
that the residuals fall on a straight line, which implies that errors
are normally distributed. In addition, Figs. 10 and 11(b), (c) and (d)
revealed that there is no noticeable pattern or unusual structure
present in the data. The histogram plot indicates a mild tendency
for the non normality; however the normal probability plots of
these residuals do not reveal any abnormality. Residual versusFig. 10. Residual plots for tangential force (a) normal probability plot of residuals for tang
residuals vs. the histogram, (d) residuals vs. the order of the data.
Fig. 11. residual plots for feed force (a) normal probability plot of residuals for feed force
histogram, (d) residuals vs. the order of the data.ﬁtted value and residual versus observation order plot do not
indicate any undesirable effect.
4.4. Optimization of tangential force and feed force using genetic
algorithm
The Equations (12) and (13) are used as objective function. The
parameters used are: probability of crossover ¼ 0.9, mutation
probability ¼ 0.20 and population size ¼ 100. It is found that the
above control parameters produce better convergence and distri-
bution of optimal solutions. The 100 generations are generated to
obtain the true optimal solution. The non dominated solution set
obtained over the entire optimization is shown in Fig.12. This ﬁgure
shows that the resulting Pareto optimum set contain only oneential force data, (b) plot of residuals vs. ﬁtted values for tangential force, (c) plot of
data, (b) plot of residuals vs. ﬁtted values for feed force, (c) plot of residuals vs. the
Fig. 12. Pareto optimal front using DBPGA for tangential force and feed force.
Table 17
Optimal machining parameters for the machining of UD-GFRP composites.
Sr. No. Tool nose radius, mm Feed rate, mm/rev Cutting speed, m/min Depth of cut, mm Average, Ft (N) Average, Ff (N)
1 0.4 0.05 55.75 0.20 39.93 22.56
Table 18
Conﬁrmation experiment.
Process parameter Value
Tool nose radius, mm 0.4
Feed rate, mm/rev 0.05
Cutting speed, m/min 55.75
Depth of cut, mm 0.20
Response Results
Tangential Force. Ft 39.93 N
Feed Force, Ff 22.56 N
Tangential Force. Ft (Conﬁrmation Experiment) 41.53 N
Feed Force, Ff (Conﬁrmation Experiment) 23.28 N
Error%
Tangential Force. Ft 4.00
Feed Force, Ff 3.19
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optimum solution. This solution is closest to 1st trial in Table 4. GA
also conﬁrmed the results i.e the tangential force as 39.93 N and
feed force as 22.56 N.
5. Conﬁrmation experiment
The validity of the optimization procedure has been checked
through conﬁrmation experiments. The experiments have been
performed with the optimized cutting conditions on UD-GFRP
composite material. The conﬁrmation result is found to be close
with the optimal goal value with minimum deviation as shown in
Table 18.
6. Conclusions
From the experiments that were conducted on the turning
machine and optimization by genetic algorithm, the following
conclusions are made.
1. The results indicate that the tangential force in the workpiece
decreases with decrease in tool nose radius, feed rate and depthof cut. However, tangential force increases with decrease in
cutting speed and in dry cutting environment. And tangential
force decreases with increase in tool rake angle.
2. Feed force in theworkpiece decreases with decrease in tool nose
radius, feed rate, dry cutting environment and depth of cut.
However, feed force increases with increase in cutting speed.
The result indicates that the feed force increases with decrease
in tool rake angle.
3. The depth of cut is the cutting parameter which has greater
inﬂuence on tangential and feed force in the work piece (64.13%
and 69.72%) for UD-GFRP composite materials.
4. R2 value for the developed models for tangential force and feed
force using regression modeling are highly adequate as their
ordinary and adjusted R2 values are (tangential force, 95.7%,
91.9%) and (feed force, 99.6%, 98.1%) very close to 1 and hence
both the models can be used for reliable prediction.
5. The second-order model for tangential and feed force is devel-oped from the observed data. It is found that the maximum and
minimum error percentage for tangential force is (11.86%
and 14.78%) and for feed force is (4.93% and 5.43%) which is
very much satisfactory.
6. Predicted optimum values for multi-response optimization
(tangential force and feed force) are 39.93 N and 22.56 N
respectively at tool nose radius 0.4 mm, feed rate 0.05 mm/rev,
cutting speed 55.75 m/min and depth of cut 0.20 mm.References
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